In academic research on racial politics and voting rights litigation, one must infer turnout and vote choice for each racial group using aggregate election results and racial composition. Over the last several decades, a number of statistical methods have been proposed to address this ecological inference problem. We show how to reduce aggregation bias by predicting individual-level ethnicity from voter registration records. Building on the existing methodological literature, we show how to combine Census Bureau's Surname List with the various information from geocoded voter registration records via Bayes rule. We evaluate the performance of the proposed methodology using approximately nine million voter registration records in Florida, where self-reported ethnicity is available. We find that it is possible to reduce the false positive rate among Black and Latino voters to 6% and 3%, respectively, while maintaining the true positive rate at over 80%. Moreover, we use our predictions to estimate turnout by race and find that our estimates result in substantially less amounts of bias and root mean squared error than standard ecological inference estimates.
Introduction
In academic research on racial politics and voting rights litigation, one must often estimate the turnout and vote choice among different racial groups. For instance, political scientists estimate turnout by race in order to study disparities in political participation (e.g., Gay, 2001; Hajnal and Trounstine, 2005) , mobilization efforts (e.g., Barreto, 2007) , and the effects of co-ethnic candidates and representatives (e.g., Herron and Sekhon, 2005) . In voting rights cases, litigants wish to estimate turnout and vote choice among ethnic groups to build empirical evidence for the existence of racial polarization (e.g., Greiner, 2007) .
However, all of these researchers and litigants face a well-known methodological obstacle, known as the ecological inference problem. Since the race of individual voters is typically unknown, one must infer turnout by race from aggregate data. A number of statistical methods have been developed to address this problem (e.g., Goodman, 1953; King, 1997; King et al., 2004; Wakefield, 2004; Greiner and Quinn, 2008; Imai et al., 2008) .
Nevertheless, all of these methods suffer from a fundamental problem of indeterminacy, and as a result, in recent years, methodologists have turned to the idea of combining aggregate data with individual-level data (e.g., Wakefield, 2004; Imai et al., 2008; Greiner and Quinn, 2010) .
In this paper, we propose to improve ecological inference by predicting individual race from voter registration records. Building on the existing methodological literature in public health (Fiscella and Fremont, 2006; Elliott et al., 2008 Elliott et al., , 2009 , we show how to combine Census Bureau's surname list with information in geocoded voter registration records via Bayes rule (see Enos, 2014; Henderson et al., 2014, for early use of related methods in political science research). By incorporating more information and enabling a probablistic prediction, this method improves upon the common practice of using surname only to predict individual ethnicity (e.g., Michelson, 2003; Barreto et al., 2004; Tam Cho et al., 2006; Fieldhouse and Cutts, 2008) . We also clarify the assumptions that underlie the existing and proposed methods. While some scholars have recently turned to proprietary methods of estimating voter race (e.g., Ansolabehere and Hersh, 2003; Fraga, 2013 Fraga, , 2014 , we believe that methodological transparency is important for academic research, and these assumptions reveal the promise and limitations of the methods discussed here.
Finally, this paper also reports the results of a large-scale empirical validation study, examining the performance of various methods. Specifically, we use the Florida voter file, predicting the race of over nine million voters and validating our predictions using selfreported race data. We choose Florida because self-reported race is collected on voter registration cards by law. The state also has a relatively large number of Blacks and Latinos, enabling us to empirically validate the accuracy of the proposed method and other methods at the individual level among these minority groups. 1 We show that the proposed method reduces the false positive rate among Black and Latino voters to 6% and 3%, respectively, while maintaining the true positive rate at above 80%. Moreover, we find that the bias and root mean squared error of our estimated turnout by racial groups are substantially less than those of standard ecological inference estimates.
The Methodology
We begin by describing the existing Bayesian method in public health that combines the surname list with the geocoded location of individual residence. We then describe our extension, which allows researchers to incorporate the various information in voter registration records.
The Bayesian Prediction
Researchers interested in measuring racial disparities in healthcare have developed a methodology to combine surname analysis and geocoded data to estimate individual race via Bayes' rule (Fiscella and Fremont, 2006; Elliott et al., 2008 Elliott et al., , 2009 . We begin by describing the Bayesian method developed by Elliott et al. (2009) . Let the surname and geolocation of voter i be denoted by S i and G i , respectively. We use R i to represent an unobserved variable indicating the racial group voter i belongs to. Let R, G, and S represent the set of all racial groups, all geolocations, and all surnames, respectively.
We are interested in estimating Pr(R i = r | S i = s, G i = g), or the conditional probability that voter i belongs to racial group r given his/her surname s and geolocation g. Using the data from the Census Bureau, we have the racial composition of frequently occurring surnames, i.e., Pr(R i = r | S i = s), the racial composition of each geolocation (e.g., Census blocks and voting precincts), i.e., Pr(R i = r | G i = g), and the population proportion of each geolocation, i.e., Pr(G i = g).
The method assumes that geolocation and surname are statistically independent conditional on race. That is, once we know a voter's race, her surname is not informative about where she lives. We formalize this assumption as follows.
Under this assumption, Bayes' rule implies,
where using Bayes' rule again we can calculate Pr
. Thus, the method provides a probablistic prediction of individual ethnicity.
blank field for race.
The Proposed Extension
We propose to extend the above Bayesian prediction method by incorporating a set of individual-level covariates available in the voter files. In this paper, we focus on age, gender, and party registration, but other information can be incorporated in a similar manner. Let X i represent our two demographic variables, i.e., age and gender. Furthermore, let P i represent the party registration of voter i.
To incorporate the demographic variables X i , we replace the assumption given in equation (1) with the following,
This assumption states that given a voter's race his/her surname does not contain any information about his/her geolocation and demographics. Under this assumption, it is straightforward to predict the race of individuals using Bayes' rule,
where Pr(G i = g, X i = x | R i = r) can be obtained from the Census Summary File.
We further extend this method to incorporate party registration as well as demographics by considering two possibilities. The first approach requires that researchers have information about the population distribution of party registration given each racial category, i.e., Pr(P i = p | R i = r) for all p ∈ P and r ∈ R, where P is the set of all parties. For example,
we may obtain an estimate of this quantity from a national survey. This approach is based on the following conditional independence assumptions,
Equation (5) 
Unlike the first approach, the second approach for incorporating party registration allows one to predict race without additional information. This alternative strategy is based on the following independence assumption as well as the assumption given in equation (1), 2
which implies that given a voter's geolocation and race, her surname has no predictive power for her demographics and party registration. Under these assumptions, the application of Bayes' rule yields,
where we model the first term in the numerator and denominator as,
The second term of this equation can be calculated directly from the Census data as
The first term is unknown but models the party registration as a function of demographics, geolocation, and race. To estimate this model and obtain a maximum likelihood estimate of individual race via equation (9), we use the standard Expectation-Maximization algorithm by treating race as missing data (Dempster et al., 1977 ) (see Appendix A.2 for details).
Empirical Validation
In this section, we present an empirical validation study of the methods described above and assess the accuracy of their prediction relative to that of the existing methods.
2 Technically, the assumption given in equation (8) can be slightly relaxed using the following set of sequential independence assumptions although in our empirical study they do not appear to make substantial differences,
Data
We analyze voter registration data from Florida, which includes approximately 9 million individual records. Our data are based on statewide voter files and come from L2 (formerly We divide race into five categories: White, Black, Latino, Asian, and Other. These are similar to the racial groups used in the Census data and self-reported race in the voter files.
The major difference is that we do not separate out American Indians and Alaska Natives, because these groups jointly constitute less than one percent of records in our voter file data.
Validation of Race Predictions
We begin by validating the proposed methodology to predict race at the individual level.
We compare the race predictions from each method with voters' self-reported race. For each voter, we find the race with the greatest predicted probability and classify the voter as belonging to that racial group. The goal of this validation exercise is to examine whether and how additional information, such as geolocation and party registration, improves the race predictions. Asian, and Other voters using our proposed prediction method. We classify each registered voter to the racial category with the greatest predicted probability. Each column corresponds to the results based on different sets of information. We start with the information based on the Census Surname List only and then add the voter's geolocation and party registration. The total sample size is 9, 243, 529.
We assess the performance of each method by calculating the overall error rate, which simply represents the proportion of voters whose racial group it incorrectly classifies. We also compute the two types of group-specific error rates: false positives (Type I errors) and false negatives (Type II errors). For example, with respect to Latinos, classifying a non-Latino voter as Latino would be a false positive, while classifying a Latino voter as non-Latino would be a false negative. While the goal is to minimize both types of error, there is a clear tradeoff between the two. Table 1 displays the error rates for five sets of predictions based on different sets of information. We begin with a name-only prediction that classifies race on the basis of the Census Surname List. We then enhance the prediction by incorporating voters' geolocation, testing both voting precinct and Census block. Finally, we include voters' party registration as an individual-level covariate. We use publicly available Gallup polling data to obtain the distribution of partisanship by race, i.e. Pr(P i = p | R i = r) (Newport, 2013).
The first row of Table 1 displays each prediction method's overall classification error rate, measuring the accuracy of each prediction across all voters. We find that the additional information reduces the overall error rate from approximately 22 percent, which is obtained when only voters' names are used, to 15 percent when their geolocation and party registration are incorporated. In particular, the prediction based on voters' name, block, and party registration performs best according to this measure. We also find that using demographics does not substantially change our predictions and that our second method of incorporating party registration -which does not require external data on the distribution of partisanship by race -performs slightly worse than the ones presented here (see Table 3 in Appendix A.3 for a full set of results).
We further examine the performance of the proposed methodology for each racial category. Among Whites, the name-only prediction results in a substantially high false positive rate of over 50 percent. Incorporating voters' geolocation and party registration, we are able to reduce this to approximately 25 percent without substantially increasing the false negative rate. Among Blacks, the false negative rate for the name-only prediction exceeds 80 percent, while incorporating additional information reduces this by more than half. In both cases, adding party registration as well as geolocation appears to be beneficial.
For Latinos and Asians, the improvement in accuracy due to the additional information appears to be minimal. Among Latinos, the name-only prediction already has a relatively low false negative rate of about 19 percent. Indeed, incorporating voters' geolocation and party registration further decreases the false negative rate but only by three to four percentage points. For Asians who consist of only 2 percent of the Florida registered voters, there is little performance difference across the methods. All methods have a high false negative rate, suggesting that it is difficult to identify Asian voters from the set of information considered in this paper alone.
A more comprehensive way of comparing predictions, while recognizing the trade-off between false negatives and false positives, is to examine the receiver operating characteristic (ROC) curve for each prediction method. Rather than classifying voters on the basis of the greatest predicted probability, ROC curves display the true positive rate (sensitivity) against the false positive rate (specificity) for a variety of classification thresholds. Since it is desirable to have a higher true positive rate given a false negative rate (or a lower false negative rate given a true positive rate), the area under the ROC curve can be used to evaluate performance.
In Figure 1, 
Validation of Turnout Estimates
We now estimate voter turnout by racial category and validate our estimates using the actual turnout by race at the precinct and congressional district levels in Florida. The goal is to investigate whether individual-level racial predictions improve the race-specific turnout rates obtained from the standard ecological inference techniques widely used in academia and elsewhere (i.e., Goodman, 1953; King, 1997) .
We focus on turnout among White, Black, Latino, Asian, and Other registered voters in the 2008 Presidential Election. We estimate aggregate turnout for each racial group using the predicted probabilities directly. Specifically, we calculate the aggregate turnout for each race as the weighted average of turnout, where the predicted probabilities serve as weights.
Formally, for each racial group r, we compute n i=1 Pr(
where Y i is the binary turnout variable for voter i. For the purpose of comparison, we also compute the prediction based on the Census surname alone and compute
. We validate our estimates against true precinct-level and district-level turnout, which can be computed using the self-reported race for each voter. In addition to the nameonly prediction, we compare the performance of our methodology against the two standard ecological inference techniques, i.e., Goodman's ecological regression (Goodman, 1953) , and our proposed Bayesian prediction method. While Goodman's regression and King's EI use precinct-level turnout and racial composition data only, the proposed Bayesian methodology uses the name, residence location, and party registration of voters. Precinct-level bias and RMSE are weighted by the number of voters for each precinct. Generally, the proposed Bayesian method performs best though the name-only prediction also yields a reasonable performance.
the King's EI (King, 1997 ). Goodman's method regresses overall turnout on the proportion of voters of a particular race to estimate turnout for that race. The method assumes that the average turnout rate for each racial group does not depend on racial composition. We fit Goodman's ecological regression using precinct-level data in each congressional district.
We fit a separate univariate model for each of the five racial groups. 3 This yields the estimates of turnout by race that can be used at both the precinct and district levels. The second standard technique is King's EI, which yields precinct-level turnout estimates (King and Roberts, 2012) . We fit a separate 2 × 2 EI model for each racial group, one district at a time. We then aggregate estimated turnout among precincts within a district to estimate district-level turnout. The name-only prediction and the proposed Bayesian approach significantly improve the results of the aforementioned standard methods. Both have much smaller bias and RMSE.
In general, the proposed Bayesian methodology performs best, providing essentially unbiased estimates for Whites, Blacks, and Latinos. The magnitude of bias is somewhat larger for Asians and Others, but is still less than four percentage points. In Table 4 in Appendix A.3, we also present the results based on the name-only and Bayesian classifications, which classify each voter to a racial group and then aggregate the turnout.
As expected, these methods, which do not incorporate the uncertainty in the predictions, perform slightly worse than the corresponding methods presented here.
The name-only prediction does surprisingly well despite the fact that its classification error rate is greater than that of the Bayesian method. Indeed, the performance of the name-only prediction method is roughly comparable to that of the Bayesian method. This apparent inconsistency can occur because the turnout rate is approximately equal among false negative and false positive voters. That is, the classification error based on the Census Surname List is roughly independent of turnout (see Table 5 in Appendix A.3). However, in other settings, such independence may not hold. As such, we recommend that applied researchers and litigators use the proposed Bayesian methodology.
Concluding Remarks
This paper reviews and extends the methodology for predicting the race of an individual by incorporating name, geocoded residence, and other information from voter files.
Our validation study has shown that the proposed Bayesian methodology provides accurate individual-level predictions and significantly improves the estimation of aggregate-level turnout for each racial group relative to the standard ecological inference methods. We believe that this methodology enables academic researchers and litigators to conduct more reliable ecological inference in states where registered voters are not asked to report their race. A straightforward and yet useful extension of the proposed methodology is to incorporate vote choice from survey data for predicting candidate choice as well as turnout by racial groups. where
The M-step maximizes the Q-function with respect to the model ψ p rgx . In the nonparametric model as done in our empirical application, we update ψ p rgx as,
We repeat the E-step and M-step until convergence. Finally, equation (14) gives the predicted probability of individual race based on this methodology.
A.3 Additional Empirical Results
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.013 Table 3 : Empirical Validation of Race Classification using the Florida Registration Records. The table displays the overall classification error rate, and false negative (FN) and false positive (FP) rates for White, Black, Latino, and Asian voters using our proposed prediction method (with and without survey data about the conditional probability of party ID given race). We classify each voter to the racial category with the highest predicted probability. Each row corresponds to predictions based on different sets of information. We start with Census Bureau's surname list and then add information about the voter's precinct, demographics (age and gender), and party registration (PID). N = 9, 243, 529. Table 5 : Turnout among False Negatives and False Positives. The table displays the actual turnout rate among voters that we misclassify based on both the name-only and the Bayesian prediction based on name, precinct, and party registration. We calculate the turnout rate among both false negatives and false positives, as well as the difference between the two. We find that the differences are small on average, indicating that turnout is independent of classification error.
